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Neural NetworkAbstract The aerodynamic behavior of a square cylinder with rounded corner edges in steady flow
regime in the range of Reynolds number (Re) 5–45; is predicted by Artificial Neural Network
(ANN) using MATLAB. The ANN has trained by back propagation algorithm. The ANN requires
input and output data to train the network, which is obtained from the commercial Computational
Fluid Dynamics (CFD) software FLUENT in the present study. In FLUENT, all the governing
equations are discretized by the finite volume method. Results from numerical simulation and back
propagation based ANN have been compared. It has been discovered that the ANN predicts the
aerodynamic behavior correctly within the given range of the training data. It is additionally
observed that back propagation based ANN is an effective tool to forecast the aerodynamic behav-
ior than simulation, that has very much longer computational time.
 2016 Faculty of Engineering, Ain Shams University. Production and hosting by Elsevier B.V. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
The fluid flow over cylindrical bluff bodies is one of the sub-
stantial subjects of extreme exploration, principally having
the application in the tremendous engineering significance on
heat exchangers, solar heating systems, natural circulation
boilers, nuclear reactors, dry cooling towers, electronic cool-
ing, vortex flow meters and flow dividers, probes and sensorsand many more. The vast majority of these studies has been
carried out by numerically and experimentally for square
and circular cylinder [1–13]. The main flow regimes reported
to date are; a creeping flow regime in which no flow separation
takes place at the surface of the cylinder (Reynolds number,
Re< 1). At low Reynolds numbers (Re< 60), a closed steady
recirculation region characterized by the formation of two
symmetric vortices behind the bluff body is observed. When
the streamlines pass over the obstacles, due to loss of momen-
tum at an adverse pressure gradient, separation takes place
behind the obstacle symmetrically along the centerline [7].
Two different numerical methods: Lattice Boltzmann & Finite
Volume, have been implemented to study the role of laminar
flow past over a square cylinder for Re 0.5–300 [7] and found
that there is very good agreement of data between the two
applied methods for steady flow (Re< 60).
768 P. Dey et al.Whereas, there are a number of studies of fluid flow and
heat transfer over a square or circular cylinder for Newtonian
and non-Newtonian type of fluids [14–19]. In recent, a numer-
ical study has been accomplished by Jaiman et al. [20] for a
square cylinder with rounded corners in steady and unsteady
flow regimes. They have reported the effect of corner radius
of a square cylinder on the separation of flow, galloping etc.
which is excited by freely vibration.
All the studies have been done by experimentally and
numerically for high Reynolds number. The objective of the
present study is to evaluate aerodynamic properties of rounded
corner square cylinder at low Re and to predict them by using
ANN. The Neural Network has a vast application to the
engineering problems. The fundamental of ANN and its
application on aerodynamic properties has been also studied
[21–31]. In the previous list of studies, there is a study which
has been conducted on a square cylinder with different radii
[23] to predict the vorticity around the cylinder.
It is very clear from the literature that there is no availabil-
ity of study of the prediction of aerodynamic coefficients and
also the application of ANN for corner edged square cylinder
at low Re. So the present work is carried out to predict the
aerodynamic coefficient of different corner radius square cylin-
der (r= 0.51, 0.54, 0.59 and 0.64) with different blockage
(B= 0.01, 0.05, 0.09 & 0.1) by using ANN within range of
Reynolds numbers 5 6 Re 6 45. The data for prediction are
generated numerically by using commercial CFD software
FLUENT [31]. The numerical results, those are obtained from
the simulation are fed into the ANN system for training the
network and the capability of ANN to predict the aerody-
namic forces are thorough checked for different input
parameters in MATLAB [32]. There is an abundant distinct
class of structures for ANN. Feed forward back propagation
Neural Network is applied in this paper as it is the most
common training methods in various utilizations.
2. Geometrical configuration
The system of interest here is to study the behavior of the flow
past over a square cylinder with rounded corner edges placed
in a channel on the centerline (Fig. 1). The square cylinder
of side D, dimensional corner radius of R and non-
dimensional radius of corner ‘r= R/D’ (=0.51, 0.54, 0.59
and 0.64) is held in a channel subjected to an upstream steady
laminar flow of x-velocity, u= U1 (free stream velocity). The
aim is to simulate an infinitely long channel; however, theFigure 1 (a) A schematic diagram the problemcomputational domain has to be finite. The distance of
the upstream and the downstream boundaries from the
center of the cylinder are; upstream distance from cylinder
center (Lu) = 10D and downstream distance from
cylinder center (Ld) = 40D. The distance between the upper
and lower sidewalls, H is specified according the blockage ratio
(D/H= 0.05).
3. Mathematical formulation
For the incompressible, 2-D steady laminar flow across the
square cylinder with cornered edges, the dimensionless forms
of the continuity, the x and y components of the Navier–
Stokes equation, assuming negligible dissipation, in a rectan-
gular coordinate system are given below:
Continuity Equation:
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where Re ¼ qU1Dl is the Reynolds number and u, v are the
velocity components in x and y directions (m/s). The
thermo-physical properties (viscosity, l, density, q) of the
streaming fluid (air) are dependent on the Reynolds number
thereby solving the flow equations. The viscous and pressure
forces acting on the cylinder are used to calculate the drag, lift
and pressure coefficients.
The drag coefficient is given by:
CD ¼ FD
0:5qU21D
ð4Þ
where FD is the drag force acting on the cylinder and has
been computed by the unification of the pressure distribution
on the four faces of the square cylinder in the direction of
the fluid flow.
In order to understand the distribution of relative pressure
over the body, a dimensionless known as pressure coefficient
(Cp) is used and is given as:description & (b) recirculation geometry.
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where p is the pressure at the point at which pressure coef-
ficient is being evaluated p1 is free stream pressure.
The dimensionless variables are defined as:
u ¼ u
U1
; v ¼ v
U1
; x ¼ x
D
; y ¼ y
D
;
p ¼ p
qU21
;where ‘’ defines the dimensional variable:4. Boundary conditions
The physical boundary condition for the above discussed
problem configuration are written as follows:
 The left wall of the computational domain is designed as the
inlet. The ‘‘velocity inlet” boundary condition is assigned at
the inlet boundary with free stream velocity, U1.
 The usual no-slip boundary condition is assigned for flow at
the surface of the cylinder, i.e. u= 0; v= 0.
 The slip boundary condition is assigned at the upper and
lower surface of the computational domain, i.e. u= U1:
v= 0.
 The extreme right surface of the computational domain is
assigned as an outlet. The ‘‘outflow” boundary condition
is employed at the exit boundary with the following condi-
tions @u
@x ¼ @v@x ¼ 0 of Dirichlet type Pressure boundary condi-
tion (p= 0).
5. CFD model
5.1. Grid structure & grid independence study
The grid structure of the computational domain used in the
present investigation is shown in Fig. 2.
It is observed from Fig. 2, that the non-uniform grid struc-
ture for the whole computational domain is assigned. Grids are
generated by using the grid generation package GAMBIT. The
expanded view of the central block of the computational
domain having the cylinder is shown in Fig. 2(b). The central
block and the whole computational domain grid size are
selected by studying the grid independence study. The central
block which consists the cylinder has finer mesh to adequatelyFigure 2 (a) Grid Distribution of the computational domain acapture the wake wall interactions in both directions and the
grids becoming coarser non-uniformly toward the boundary
wall. The whole computational domain is having 9 sub-
blocks, in which the central block is having cylinder model
with the smallest grid size of 0.07D of the triangular element.
The grid size for the remaining blocks is increasing linearly
in both x and y direction 0.3D to 0.5D from a central block
to the boundary line of a quadrilateral mesh element.
In this study, three different mesh sizes (Grid1 – 15,000,
Grid2 – 25,000 and Grid3 – 40,000) are adopted in order to
check the mesh independent. A detailed grid independence
study has been performed and results are obtained for the reat-
tachment length (Lr) & drag coefficient (Cd) but there are no
considerable changes between Grid2 and Grid3 (the results
are shown in Table 1). Thus, a grid size 25,000 is found to meet
the requirements of the both grid independence and computa-
tion time limit. The upstream length (Lu) & downstream length
(Ld) has been selected as per the grid independence test dis-
cussed in recent work of the author Dey and Das [34,35] and
assigned as 10D & 40D respectively.
5.2. Numerical details
In the present investigation, the numerical simulation is per-
formed by using the finite volume based commercial CFD sol-
ver FLUENT 6.3 [33]. FLUENT is used to solve the governing
equations which are the partial differential equations, using the
control volume based technique in a collected grid system. The
solver used in the present work is the pressure-based implicit
method. Semi-Implicit Method for Pressure-Linked Equation
(SIMPLE) is selected for the pressure–velocity coupling
scheme. The pressure term is discretized under the scheme of
STANDARD whereas the momentum is discretized by the sec-
ond order upwind scheme. The laminar viscous model is used
for the low Reynolds number considerations. The convergence
criteria for the continuity and velocity are set to 105.
6. Artificial Neural Network model
Artificial Neural Network (ANN) is an efficient computational
architecture influenced by a biological neural system. An ANN
consists of very simple and highly interconnected units called
neurons. The neurons are interconnected with each other by
links in which individual weights are passed and over which
signals can pass. These neurons are arranged in a simple
way, called layer & connected by a unidirectional communica-
tion path, altogether called as network architecture. The datand (b) zoomed view of the grid distribution of the cylinder.
Table 1 Study of effect of grid size for grid independency test.
No. of cells Re-10 Re-40
Lr Cd Lr Cd
15,000 0.47 3.10 2.55 1.41
25,000 0.50 3.26 2.70 1.72
40,000 0.50 3.27 2.70 1.72
770 P. Dey et al.is received by the multiple input layers & multiplied by their
corresponding weights and produces the output with the help
of computational node (hidden layers) that also serves as a
communicator between input & output layers. The generated
output may be propagated to several other neurons [30].
There is an abundant distinct class of structures for a single
artificial neuron. The general mathematical formulation of a
single artificial neuron could be defined as:
yðxÞ ¼ f
Xn
i¼0
wixi þ b
 !
ð6Þ
where x is a neuron with an input (x0 to xin) and one output y
(x) and where (wi) are weights, used to determine the appropri-
ate weighted value for input where ‘b’ denotes the bias [31]. ‘f’
is an activation function that weights how powerful the output
should be from the neuron, based on the sum of the inputs and
expressed as:
fðxÞ ¼ 1
1þ ex ð7Þ
The basic feedforward network accomplishes a nonlinear
transformation of input data in order to approximate the out-
put data. The neurons are sequenced in a number of layers for
a multilayer feedforward ANN, called input layer, used as a
starting layer & output layer serves as an ending layer. There
are numbers of hidden layers arranged in between them. There
are three layers applied in the present study, namely one input
layer, one hidden layer and one output layer. Connections in
these kinds of a network only go forward from one layer to
the next where all the neurons in each layer are connected to
all the neurons in the next layer. The designed Neural Network
structure 3–5–2 (3 neurons in input layer, 5 neurons in hidden
layer and 2 neurons in output layer) of the present study is
shown in Fig 3.Figure 3 Schematic representation of a multilayer feedforward
network consisting of three inputs, one hidden layer with five
neurons and two outputs.6.1. Training ANN
The back-propagation method is the most popular training
algorithm. The input and output data are trained in ANN so
that the weights can be adjusted to give the same outputs as
found in the training data. The inputs (x) into a neuron are
multiplied by their corresponding connection a weight (W),
summed together and bias is added to the sum. This sum is
transformed through a transfer function (f) to produce the
required output, which may be passed to other neurons. In
order to make the error smaller, the network is propagated
through an input & the error is calculated and propagated
back through the network by adjusting the weights simultane-
ously. The Levenberg–Marquardt optimization algorithm is
used in the present ANN with the back propagation algorithm
to accelerate the convergence condition. The termination of
training process occurs when the error falls below a prescribed
value or the maximum epochs is exceeded. The training data
has been selected 70% of the total data and the remaining data
are selected for testing. The Neural Network requires that the
range of the both input and output values should between 0.1
and 0.9 due to the restriction of the sigmoid function. The
numerical data evaluated in this study are normalized by the
following equation:
xn ¼ xi  xmin
xmax  xmin
 
ð8Þ
where Xn = normalized value, Xi = actual input (or output)
value, Xmax =Maximum value of the inputs (or outputs),
Xmin =Minimum value of the inputs (or outputs).
The error between the numerical values and the ANN pre-
dicted values are presented as R  Sq (R2) & R  Sq (adj) i.e.
Adjusted R2 which are expressed as:
R2 ¼ 1
P
iðNi  PiÞ2P
iðNi NÞ
2
ð9Þ
R Sq ðadjÞ ¼ 1
P
iðNi  PiÞ2=n p 1P
iðNi NÞ
2
=n 1
ð10Þ
where
n= Sample Size,
p= total number of regressors in the training model.
Ni = Actual Value.
Pi = Predicted Value and
N ¼ 1n
Pn
i¼1N i
7. Results and discussion
7.1. Validation of present CFD results
Since, the present work is carried out numerically; it is required
to validate the present method with the published available
data. So the validation is done with both the square
(r= 0.71) and circular (r= 0.5) cylinder of published experi-
mental and numerical results. The results obtained in the pre-
sent investigation are compared with the published result data
of [6–8,10,12] for validation. Here is also a comparison table
(Tables 2 and 3) of present investigation with published results
Table 2 Comparison of Lr and Cd with the published literature values for r= 0.71 (square).
Re= 5 Re= 10 Re= 20 Re= 30 Re= 40
Lr Cd Lr Cd Lr Cd Lr Cd Lr Cd
Dhiman et al. (Numerical) [6] 4.840 0.49 3.63 1.05 2.44 1.62 1.99 2.17 1.75
Breuer et al. (Numerical) [7] 0.49 3.64 1.04 2.50 1.60 2.00 2.15 1.70
Gupta et al. (Numerical) [8] 0.40 3.51 0.90 2.45 1.40 2.06 1.90 1.86
Present study (Numerical) 4.716 0.50 3.52 1.10 2.42 1.67 2.02 2.20 1.79
Figure 5 (a) Plot of numerical data and predicted ANN data of Cd &
predicted data of Cd and Cdp.
Figure 4 (a) Plot of numerical data and predicted ANN data of Cd
regression plot of numerical & predicted data of Cd and Cdp.
Table 3 Comparison of Cd with the published literature
values for r= 0.5 (circular).
Re= 10 Re= 20 Re= 30 Re= 40
Cd Cd Cd Cd
Tritton (Experimental)
[12]
2.22 1.48
Fornberg (Numerical)
[10]
2.00 1.50
Present study
(Numerical)
3.22 2.24 1.75 1.51
Prediction of the aerodynamic behavior of a cylinder 771at Re= 10, 20, 30 & 40 shown. The current predictions are in
excellent agreement with those published data.
7.2. Prediction of drag coefficient and velocity
The variation of the drag coefficient with different blockage,
corner radii and Re is presented in Table 4. The comparison of
numerical and predicted ANN data of the drag coefficient &
pressure drag coefficient with the Reynolds Number at various
corner ratios is shown in Figs. 4(a) and 5(a). It is observed from
the figure that the drag coefficient of a bluff body decreasesCdp at r= 0.59, B= 0.05 and (b) regression plot of Numerical &
& Cdp at r= 0.64, B= 0.09 & Cdp at r= 0.64, B= 0.05 and (b)
Figure 6 (a) Plot of numerical data and predicted ANN data of x-velocity about center line at B= 0.05 for Re= 15 & 30 and B= 0.1
for Re= 45and (b) regression plot of numerical & predicted data of x-velocity.
Figure 7 (a) Plot of numerical data and predicted ANN data of Cp at Re= 5, B= 0.05 & r= 0.54 and (b) regression plot of numerical
& predicted data of Cp.
Table 4 Numerical values of Cd.
B (=D/H) r (=R/D) Re
5 10 15 20 25 30 35 40 45
0.05 0.51 4.52 3.07 2.51 2.19 1.99 1.84 1.72 1.63 1.56
0.05 0.54 4.64 3.15 2.57 2.24 2.02 1.87 1.75 1.66 1.58
0.05 0.59 4.72 3.21 2.61 2.28 2.06 1.90 1.78 1.69 1.61
0.05 0.64 4.81 3.26 2.66 2.32 2.01 1.94 1.82 1.72 1.64
0.01 0.64 4.64 3.18 2.60 2.27 2.05 1.90 1.78 1.69 1.61
0.09 0.64 5.55 3.66 2.94 2.55 2.30 2.12 1.98 1.87 1.78
0.1 0.64 5.77 3.77 3.03 2.62 2.36 2.17 2.03 1.92 1.83
772 P. Dey et al.sharply with the increase ofRewithin the range of 5 6 Re 6 45.
Due to the increasing pressure recovery at the cylinder base; the
decrease inCd is achieved. The training and testing data are col-
lected from the numerical analysis for Re= 5–45, r= 0.51,0.54, 0.59 & 0.64 and B= 0.01, 0.05, 0.09 & 0.1. The training
data are separated from the total data by keeping the particular
testing data alongside. For training the network, different cor-
ner radius and different blockage values are selected within
Figure 10 (a) Plot of numerical data and predicted ANNdata ofCp at r= 0.64 and (b) regression plot of numerical & predicted data ofCp.
Figure 8 (a) Plot of numerical data and predicted ANN data of Cp at Re= 15, B= 0.05 & r= 0.51 and (b) regression plot of numerical
& predicted data of Cp.
Figure 9 (a) Plot of numerical data and predicted ANN data of Cp at Re= 30, B= 0.05 & r= 0.59 and (b) regression plot of numerical
& predicted data of Cp.
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Figure 11 Bar plot of computational time of CFD and ANN.
774 P. Dey et al.the range of Re 5–45. Figs. 4(b) and 5(b) shows the variation of
numerical and predicted data after testing the network, which
are clearly depicted that the predicted data are in good agree-
ment with the numerical data within the steady low Reynolds
number with an adjusted R-square value of maximum 3.9%
and a minimum of 0%. It is found that at r= 0.64, the ANN
network predicts the best of numerical data.
The variation of numerical data & predicted data and also
the regression plot of that data of the velocity in the x-
direction in the range of Re 5 6 Re 6 45 at different blockage
ratio and different corner radius along the center line of the
computational domain is shown in Fig. 6. It is clearly evident
from the figure that ANN can finely predict the velocity distri-
bution in the x direction for every Re, corner radius and differ-
ent blockages.
7.3. Prediction of pressure coefficient
The pressure distribution at the different point on the cylinder
surface is shown in the Figs. 7(a)–10 (a) with regression plot in
7(b)–10(b). In the present study, ANN has predicted the pres-
sure distribution for different Re, corner radius and blockage.
At Re= 5, the testing data have selected for r= 0.54 &
B= 0.05 and blockage is kept same for Re= 15 & 30,
whereas the corner radius has chosen as r= 0.51 & 0.59
respectively. It is found that the ANN can predict the pressure
distribution at different low Re for different corner radius
when the blockage is constant with a maximum deviation of
adjusted R-square equals to 1.3%.
At Re= 45, the testing data have selected for r= 0.6 and
B= 0.05 & 0.1. Here, the main objective is to find the predic-
tion accuracy of ANN for different blockage. The distribution
and variation of numerical and predicted data at Re= 45 are
depicted in Fig. 10. It is clearly observed that the prediction
data formed by ANN are in very good agreement with the
numerical data also for different blockage.
The utilization of the present ANN model verified that it
could provide a relation to acquire output data and have much
acceptable accuracy with very little computational accomplish-
ment time. Therefore, instead of running a case for several
minutes or an hour for getting the desired results, ANN model
can be used to predict that results which merely takes a few
seconds or minutes. It is found that for running a single caseusing CFD method requires 12 times more time than ANN
model (refer Fig. 11).8. Conclusion
Back propagation Artificial Neural Network is used to predict
the aerodynamic coefficients of a square cylinder with the
rounded corner edge at low steady Reynolds number with dif-
ferent blockage and corner radius. For this purpose, series of
numerical data has been developed for the cylinder model with
a validation which shows a very good agreement of present
result with the previously available published data. For train-
ing and testing the network, several numerical cases with com-
binations of input variables and output data are generated.
The validity of the applied predicted methods was investigated
in several cases to ensure the effectiveness to establish the
results with a less permissible error. The major findings of
the present study are described as follows:
 Pressure coefficient at the front stagnation point is similar
for all the corner radius, whereas the value decreases toward
the upper and lower surfaces of the cylinder as the flow
passes over it. At the midpoint of the lower and the upper
surfaces, the pressure coefficient is increasing with the incre-
ment of the corner radius which hinted that there is less
pressure force acting and that pressure is increased due to
the increasing of the corner radius.
 Pressure and viscous drag coefficient are mostly parallel to
each other. The drag coefficient is inversely proportional to
the Re as the drag force is inversely proportional to the inlet
velocity in laminar flow. The drag coefficient is directly pro-
portional to the ‘r’. At the lower value of ‘r’, the value of
drag coefficient is minimum which implies that when shape
of a cylinder is becoming more curves toward the circular, it
is becoming more aerodynamic & represents a monotonical
behavior with corner radii.
 It can be concluded by analyzing the results that the back
propagation Artificial Neural Network can predict the
aerodynamic coefficients, velocity distribution accurately
with minimum relative error; hence reducing the computa-
tional time in the CFD calculation while achieving accept-
able accuracy.
Further, the ANN model can be utilized in higher range of
Re for both unsteady laminar and turbulent flow regime for
predicting the fluid forces and heat transfer characteristics
and also for various geometrical cylinders.References
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